This paper provides direct evidence in support of the Long Run Risk model mechanism. We construct a measure to capture the persistent component of consumption growth using investor expectations of growth prospects contained in the news. Consistent with the predictions of the Long Run Risk model, this measure explains up to 25 percent of cumulative future consumption growth over long horizons. Furthermore, innovations to this measure price 52 standard test portfolios in the cross-section. The consumption growth predictability result is robust to the inclusion of existing short-term predictors, and the pricing power of the measure outperforms benchmark multi-factor models.
Introduction
The struggles of the canonical consumption-based asset pricing model to match key empirical moments in both the time-series (Campbell and Shiller 1988; Fama and French 1993) and cross-section Singleton 1982, 1983) have sparked a large theoretical literature 1 . While many leading models have been developed to account for these empirical regularities, these models are often subject to the critique that their assumptions are difficult to verify in the data. Moreover, by construction, many of their predictions are similar, making them hard to distinguish empirically.
One of the leading models in the theoretical asset pricing literature is the Long Run Risk model pioneered by Bansal and Yaron (2004) . A key assumption of this model is the existence of a persistent component of consumption growth. An immediate implication of this assumption is that consumption growth is predictable and that this predictability should increase over the horizon. Several papers have attempted to verify this assumption (Bansal, Kiku, and Yaron 2012; Bansal et al 2014; Schorfheide, Song, and Yaron 2016) . However, so far the evidence of consumption growth predictability is scarce. Existing predictability results are generally indirect and are primarily focused on the short horizon. Cochrane (2016) comments that short-term predictability can be unstable and that there is little evidence for long run consumption growth predictability. Additionally, these studies often work with proxies for consumption such as Industrial Production. 2 Predictability results based on alternative measures potentially ignore consumption smoothing on the consumer side.
Our goal in this paper is to provide direct tests of the Long Run Risk model. We start from the standard Long Run Risk model as in Bansal and Yaron (2004) , Hansen, Heaton, and Li (2008) , and Malloy, Moskowitz, and Vissing-Jorgensen (2009) . As discussed above, the Long Run Risk model assumes a persistent component of consumption growth. This assumption, alongside the Epstein-Zin utility function, generates an equity premium in line with historical data. The model also incorporates time-varying consumption growth volatility to account for the excess volatility and return predictability puzzles. We focus on the implications of the persistent state variable for consumption growth predictability and cross-sectional asset pricing which are that: 1) the state variable should predict future consumption growth with the predictive power increasing over the horizon; 2) loadings on innovations to the state variable should be priced in the cross-section of asset returns since these innovations appear in the stochastic discount factor.
In the Long Run Risk model, agents observe the persistent component of consumption growth. However, in practice it is difficult for researchers to identify this state variable. For this reason, critics have argued that it is unlikely that investors precisely detect the persistent component. Nonetheless, it is plausible that investors are cognizant of the general economic growth prospects even if they do not know the precise level of the state variable. For example, during the financial crisis, investors may have anticipated a long term reduction in economic growth which persisted after the turmoil subsided. An essential empirical question about the Long Run Risk model is whether this persistent component of consumption growth exists, and moreover, to what extent investors correctly perceive these future economic prospects. Media sources offer a way to capture investor concern about economic growth: news coverage about the economy should increase when investors are concerned about poor economic growth prospects. This motivates our study to use newspaper coverage pertaining to economic growth to capture the persistent component of consumption growth. One other benefit of using media coverage is that the data series extend far back in time which is important in testing the Long Run Risk model.
We construct a measure that captures the persistent component of long run consumption growth using media coverage. Specifically, we proxy for investor concern about economic growth prospects using articles in the Wall Street Journal, a publication that is the main source of information of significant market-wide news for investors. We construct our measure by parsing articles in the Wall Street Journal for words related to economic growth and then aggregating to the monthly level. This procedure results in a monthly measure of investor concern about economic growth from 1927 to 2013. We call this series the news index or the "n-index" throughout the paper. We then use this measure in subsequent consumption growth predictability tests.
The first set of results documents evidence of consumption growth predictability. The n-index negatively predicts future consumption growth up to 96 months (8 years) out with the predictive power increasing over the horizon. The predictive power of the n-index peaks at the 72-month (6-year) horizon with an adjusted R-squared of 25 percent. These results are robust to an alternative measure of consumption: electricity utilization. Additionally, we show that our predictability results are robust to the inclusion of real labor income growth, dividend price ratio, and realized industrial production variance which have been proposed as potential predictors of short-term consumption growth. Further tests using data from Malloy, Moskowitz, and Vissing-Jorgensen (2009) show that the n-index predicts stockholder consumption growth more strongly than non-stockholder consumption growth.
The Long Run Risk model implies that innovations to the persistent component of consumption enter into the pricing kernel and should price assets in the cross-section. To test this implication, we obtain innovations to the n-index by applying an HP filter. Since the n-index negatively predicts future consumption growth, the measure should be negatively correlated with the persistent state variable: the n-index is elevated when the state variable is low. We construct our innovations measure, the "ni-index", as the negative of innovations to the n-index so that a positive realization of the ni-index corresponds to a positive shock to the persistent component of consumption growth. In this formulation, we would expect that the loadings on the ni-index should command a positive risk premium.
Our next set of results tests the cross-sectional asset pricing power of the ni-index. We find that the ni-index significantly prices 52 standard test portfolios in the cross-section. As expected, loadings on the ni-index are compensated by positive risk premiums. The ni-index outperforms the Fama French 3-factor model and performs comparably with the Fama French 5-factor model in pricing the 52 test portfolios. The significance of the ni-index is robust to inclusion of the Fama French factors. As an additional robustness test, we generate a distribution of adjusted R-squareds based on the pricing power of 100,000 simulated streams of white noise. The adjusted R-squared of the ni-index exceeds the 99th percentile of the noise factor distribution.
A large body of the asset pricing literature has sought to connect macroeconomic fundamentals to asset prices. The early attempts include Singleton (1982, 1983) and Chen, Roll, and Ross (1986) . More recently, Lettau and Ludvingson (2001a, 2001b) demonstrate that the cay measure is able to predict aggregate stock market returns and price assets in the cross-section. Ait-Sahalia, Parker, and Yogo (2004) , Yogo (2006), and Savov (2011) show that alternative consumption measures are able to better price assets in the cross-section. Bansal, Kiku, and Yaron (2012) , Bansal et al (2014) , and Schorfheide, Song, and Yaron (2016) offer support for the Long Run Risk model using statistical methods. Barro (2006) , and Barro and Ursua (2011) provide evidence in support of the rare disaster channel. In this paper, we take a new approach and provide direct evidence in support of the Long Run Risk channel using the news to capture information about the persistent component of consumption growth.
Our research is also related to the literature that studies textual content in economics. Tetlock (2007) shows that the tone of the news predicts stock market movements. Li (2008) finds that the readability of the 10-K filings are related to the earnings of the firms. Also using textual analysis of 10-K filings, Hoberg and Phillips (2010, 2016) construct a text-based industry categorization. Baker, Bloom, and Davis (2016) construct a policy uncertainty measure based on word count from newspapers. Fisher, Martineau, and Sheng (2016) attempt to capture investor attention using newspaper coverage. Manela and Moreira (2016) use a machine-learning technique to extract information about the VIX from newspaper text and extend the VIX measure back to 1890. They find that their newspaper-based measure relates to time-varying rare disaster probabilities. The measure predicts future aggregate stock market returns and occurrences of rare disaster events. In this paper, we draw a connection between the state variable of consumption growth and coverage around economic prospects from the news.
The rest of the paper is organized as follows. Section 2 presents the standard Long Run Risk model and its implications. Section 3 describes the data collection process and Section 4 outlines the empirical methodology. Section 5 discusses the predictability results and asset pricing tests and Section 6 provides a number of robustness tests. Section 7 concludes the paper.
Model
We motivate our empirical result by constructing a standard long run risk model with recursive utility. We follow Bansal and Yaron (2004) , Hansen, Heaton, and Li (2008) , and Malloy, Moskowitz, and Vissing-Jorgensen (2009) in the specification and formulation of the model. Our main contribution to the existing literature is a novel angle for testing the model implications. We hypothesize and confirm that news coverage about consumption captures shocks to the persistent component of consumption growth. As predicted by the model, this information contains significant cross-sectional asset pricing power.
We define preferences following Kreps and Porteus (1978) and Epstein and Zin (1989) .
Households have the following recursive utility function:
Where α is the relative risk aversion, ρ is the inverse of the intertemporal elasticity of substitution (IES), β is the discount factor, and C is current period consumption level.
These preferences imply a stochastic discount factor, M t+1 , of the following form:
Where c and denote the logged versions of C and V respectively. We specify the exogenous consumption processes similar to Hansen, Heaton, and Li (2008) :
Where µ c is the mean consumption growth, ϵ ∈ N (0, I ) is the iid shock to consumption growth at time t, and L is the lag operator. γ (L) captures a flexible structure of the persistent shocks to consumption growth.
To obtain a closed form solution for the stochastic discount factor we assume an IES of 1. Innovations to the stochastic discount factor are given by:
Where m t denotes the logged version of stochastic discount factor M t . For any asset i with return R i , the household Euler equation implies: Equation (9) provides the basis for our asset pricing tests. An asset's expected excess return depends on both its exposure to the innovations on the long-term and the contemporaneous components of consumption growth. The model implies that information which captures shocks to the long term component of consumption growth should then price assets in the cross-section. In the following tests, we will focus on the long-term component as contemporaneous consumption growth has been well-documented to have poor asset pricing power. In the robustness section, we explicitly include both terms in our regression specifications and show that nearly all of the pricing power of our measure comes from information related to the long-term component.
Data

News Measure Construction
We construct our time-series news measure to capture coverage around economic growth by identifying Wall Street Journal articles containing the following words: "Consumption", "GDP", or "Gross Domestic Product". Our objective is to choose words whose inclusion in an article best indicates that the article reflects investor concern about economic growth. We aim to keep our word choice as simple and direct as possible to limit the degrees of freedom. We hand check a random sample of articles comprising our news measure and confirm that the majority of these articles discuss economic growth. We provide an example of an article that contributes to the news measure. The article appeared in the Wall Street Journal in February 2009 shortly after the 2008 Financial Crisis:
The U.S. economy deteriorated far more than previously thought in the fourth quarter, according to new revisions of government data, casting fresh doubt about the chances of a recovery this year. With falloffs in consumer spending and exports, gross domestic product declined at a 6.2% annual rate in the fourth quarter of 2008, according to a Commerce Department report Friday. The agency's first estimate for GDP, reported in January, was for a 3.8% decline. The more recent figure -which represents the steepest dropoff since the depths of the 1982 recession -raises pessimism among economists. Until recently, many had been hoping for a rebound in 2009 and now sound downbeat about the remainder of this year. Besides the revised GDP, economic indicators for the first two months of the year point to a deepening recession -and the prospect of a dismal first quarter, too.
In this article, the discussion centers on concern about the decline in U.S. economy and a potential prolonged recession. This article highlights a key feature of the news measure: it is typically elevated when concern about economic growth is high. This observation is consistent with academic studies (Robinson 2007; Trussler and Soroka 2014) and anecdotes which suggest that news tends to focus on negative events since they are more attention grabbing. We should expect that times of high coverage around economic growth are periods when investors are concerned about poor economic growth prospects.
We obtain our news data from two primary sources: Factiva and ProQuest. Factiva provides full text front page articles of the Wall Street Journal from 1994 to 2013. We count the occurrence of the key words in these front page articles each month to obtain the monthly news measure. We focus on front page articles as these reflect the most important topics of the period. To extend the measure further back we combine Factiva data with Wall Street Journal articles from Proquest. Proquest contains Wall Street Journal articles from 1927 to 1999 but it is difficult to obtain full text articles from its database. Furthermore, Proquest does not differentiate front page articles from others, so we count the number of articles which contain any of the key words each month to construct the early portion of the news measure. To combine the two parts of the news measure, we demean each series and scale the Factiva data to have the same standard deviation as the ProQuest series. We paste the two measures together at the first month of the Factiva sample (January 1994) by matching the overlapping month. In the online Appendix we show our results are robust to different pasting choices. Finally, we detrend the entire news series and normalize the measure to have standard deviation of 1. Figure I shows the time-series of the news measure from January 1929 to December 2013. The measure is elevated in the early part of the sample during the Great Depression and at the end of the sample near the Great Recession. From 1945 to 1999 the news measure is relatively depressed coinciding with the period of stable growth.
[Figure I: N-index Time-Series]
We construct a time-series of innovations to the news measure by applying the standard HP filter to the measure and taking the negative of the HP filtered series. 3 Figure II shows the time-series of the news innovations measure. The volatility of innovations is lowest in the quiet period from 1945 to 1999. The volatility of this series is elevated during the Great Depression and Great Recession periods at the beginning and end of our measure. We distinguish the two measures by referring to the first one as the news measure or "n-index", and the second one as the news innovations measure or "ni-index".
[ Figure 
Macroeconomic Data
We use a number of macroeconomic time-series data in our study including: real consumption growth (∆c); electricity utilization growth (∆e); dividend-to-price ratio (dp); real labor income growth (∆l); realized industrial production variance (r ); and Baker-Wurgler sentiment measure (bw). To construct the real consumption series, we sum nominal Personal Consumption Nondurable Goods and nominal Personal Consumption Services and deflate by the Consumer Price Index: Total All Items for the United States. We obtain real consumption growth by taking differences of the logged real consumption level. The authors of Da, Huang, and Yun (2016) kindly provide us with their electricity utilization growth rate series. Dividend-to-price ratio data comes from Robert Shiller's personal website. We construct the real labor income growth series by taking differences in logs of real per capita disposable personal income from the Bureau of Economic Analysis. We construct realized industrial production variance following BKSY by taking the sum of squared past 12 months of industrial production growth rates from FRED. We obtain the Baker-Wurgler residual sentiment measure from Jeffrey Wurgler's personal website. Table I Panel A shows the summary statistics of the n-index, ni-index, and all the macroeconomic variables. Table I Panel B below shows the correlations between the two news measures and the other macroeconomic variables. The n-index exhibits low contemporaneous correlation with all macroeconomic series except for the dp ratio. In particular, its correlation with the real consumption growth series is only −0.08. The ni-index has low autocorrelation and is not correlated with any of the macroeconomic variables.
[ Table I 
Portfolio Data
For the asset pricing tests, we use 52 test portfolios: the Fama-French 25 Size and Bookto-Market; 10 Momentum; 10 Industry Portfolios; 6 Treasury Bond portfolios sorted by maturity; and the term spread. The data for the 45 equity portfolios are available on Kenneth French's Website, the 6 bond portfolios are collected from CRSP, and the term spread is calculated as the difference between the 10 year Treasury and the 3 month T-Bill.
These 52 portfolios provide a stringent standard against which we test the pricing power of the ni-index.
Empirical Strategy
The theoretical section disciplines our empirical tests. Firstly, the persistent state variable should predict future consumption growth. Secondly, innovations to the state variable should price assets in the cross-section. In this section, we discuss how to structure these empirical tests based on the structural implications of the Long Run Risk model.
Consumption Growth Predictability
If the n-index proxies for the persistent state variable, it should predict future consumption growth over long horizons. To investigate this hypothesis, we follow the return predictability literature and test the predictive power of the n-index on cumulative consumption growth at increasing horizons. Assuming that the consumption growth process follows Equation (7), the state variable x should predict future consumption growth. The predictive power should increase over the cumulative horizon as the effect of the state variable propogates through subsequent consumption growth and the temporary shocks tend to average out. The predictive regression of cumulative future consumption growth on the n-index is given below by Equation (10):
K indicates the horizon of cumulative consumption growth.
It is well known that monthly consumption growth data suffers from potentially serious measurement errors (Slesnick 1998) . To address this concern, we test the predictive power of the news measure using an alternative high frequency consumption measure: electricity usage (Da, Huang, and Yun 2015) . In addition to its high frequency, the electricity usage data is precisely measured compared to consumption.
Malloy, Moskowitz, Vissing-Jorgensen (2009) attempt to measure long run shocks to consumption growth for different segments of the economy. They find that innovations to stockholders' long term consumption growth have better cross-sectional asset pricing power than innovations to non-stockholders' consumption growth. We regress their measures of future stockholder and non-stockholder consumption growth on the n-index to investigate the differential sensitivity of the consumption of different segments of the economy to the n-index.
Cross-Sectional Asset Pricing
From Equation (4) innovations to the stochastic discount factor are given by:
After imposing the consumption growth structure of Bansal and Yaron (2004) the expected return beta format becomes:
As discussed earlier, we focus on the innovations to the long-term component, ϵ. In the robustness section, we also include the contemporaneous consumption growth shocks, w, in our regression specifications. We proxy for ϵ using the ni-index: N I . Equation (11) disciplines our asset pricing test:
Equation (13) imposes the following predictions: 1) the estimated λ N I term should be positive and significant implying a positive price of risk for the ni-index; 2) the realized returns should correspond with the model predicted returns implying small pricing error and a high adjusted R-squared; 3) the estimated α intercept should be economically small and statistically insignificant.
To implement this empirical test, we use the Fama MacBeth two-pass regression approach. We obtain portfolio beta loadings, β i,N I for each test portfolio i by running a time-series regression of portfolio excess returns on the ni-index.
We estimate the price of risk, λ N I , by running sample average excess returns of each portfolio on the estimated portfolio beta loadings. We allow for an intercept in our specification, α. The regression formula for the second stage estimation is given below:
Many papers restrict the set of test assets in the Fama MacBeth two-pass regression to the Fama French 25 Size-BM portfolios. Lewellen, Nagel and Shanken (2010) highlight a problem with only using the 25 portfolios by demonstrating that these portfolio returns can be approximately spanned by the 3 Fama French factors. This makes the 25 test portfolios a low hurdle for an asset pricing model to overcome. To address this concern, we test the asset pricing power of the ni-index using 52 portfolios: Fama-French 25 Size-BM, 10 Momentum, 10 Industry, 6 Treasury Bond portfolios, and the term spread. This provides a stringent test of the asset pricing power of the ni-index. Finally, we compare the performance of the ni-index against that of the Fama French 3-factor and the Fama French 5-factor models.
Empirical Results
In this section, we present the main empirical results of our paper. The Long Run Risk Model imposes two empirical regularities: (1) the persistent state variable predicts future consumption growth; and (2) shocks to the state variable price assets in the crosssection. We first test the consumption growth predictive power of our measure. We find that the n-index negatively predicts future cumulative real consumption growth over different horizons where the predictive power peaks at the five year horizon. To address concerns that the consumption growth series may be mis-measured at the monthly horizon, we use other measures of consumption to proxy for real consumption growth. We find that the nindex also negatively predicts future cumulative real personal income growth and electricity consumption growth at similar horizons. Our findings indicate that the n-index is elevated when growth prospects are bleak. So positive shocks to the n-index will correspond to negative shocks to the persistent component of consumption growth. Next, we show that innovations to the n-index (the ni-index) price assets in the cross-section. Specifically, we test the pricing Equation (13) 
Consumption Growth Predictability
The Long Run Risk model implies that consumption growth is predictable by the persistent state variable as shown in Equation (3). We test this implication using the standard predictive regression techniques developed in the return predictability literature. We run cumulative future real consumption growth from t + 1 to t + K on the n-index at time t for a range of values of k: 4
where the time interval is monthly and K is the cumulative horizon of consumption growth. Our findings document significant consumption growth predictive power of the n-index. Previous research shows that consumption growth may be predictable at the short horizon by real labor income growth, dividend price ratio, and realized industrial production variance. We run multivariate predictive regressions controlling for these three variables. Table II documents the predictive regression results. The coefficients on the n-index remain negative and significant at the same horizons. The point estimates do not change materially from the univariate specification. The adjusted R-squareds of the multivariate regressions are similar to those of the univariate models with only the n-index. This suggests that the additional variables do not provide much predictive power on top of the n-index.
[ Figure Prior literature has highlighted the potential shortcomings of the monthly consumption data series due to measurement error e.g. Slesnick (1998) and Wilcox (1992) and Schorfheide, Song, and Yaron (2016) . To address concerns that monthly consumption data may be unreliable, we run predictive regressions using an alternative consumption measure: electricity consumption. Da, Warachka, and Yun (2016) show that electricity consumption is a high frequency measure which serves as a good proxy for consumption. Table III shows the n-index coefficients and t-statistics from the time-series predictive regressions at different horizons. The n-index negatively predicts electricity consumption growth, consistent with our findings for consumption growth. The coefficients are highly significant at all horizons and the adjusted R-squared peaks at 37% at the 96 month (8 year) horizon. The predictability results are robust to the inclusion of real labor income growth, dividend price ratio, and realized industrial production variance.
[ Table III : Electricity Utilization Growth Predictability] Malloy, Moskowitz, and Vissing-Jorgensen (2009) provide measures of consumption growth for stockholders and non-stockholders based on the Consumer Expenditure Survey (CEX). We test the predictive power of the n-index using the consumption growth data series kindly provided on their website. The data extends from 1982 to 2004 at a monthly frequency which is about half of the length of the consumption growth data from our main test. The smaller sample size reduces the power of the test but we would expect that the coefficient on the nindex should remain negative. Moreover, this data allows us to compare the predictive power of the n-index for the consumption growth of stockholders versus non-stockholders. We find that the n-index predicts consumption growth of both groups with a negative sign over all horizons as summarized in Table IV . The coefficient estimates on the n-index are larger in magnitude for stockholders relative to non-stockholders. The coefficients on the n-index for the non-stockholders are more significant than those for the stockholders. However, this may be attributable to differences in the measurement error between the two series. The stockholder consumption growth data is calculated using about one-fourth of the observations per month compared to the non-stockholder data. 5 [Table IV : Consumption Growth Predictability of Non-stockholders and Stockholders]
Asset Pricing Results
We test the cross-sectional asset pricing power of the ni-index using 52 test portfolios: Fama French 25 size-bm, 10 momentum, 10 industry, 6 treasury bond portfolios, and the term spread. As discussed in the Empirical Strategy section, in the Long Run Risk model, innovations to the persistent component of consumpton growth enter into the pricing kernel and impose the pricing restriction outlined in Equation (13). To test this implication, we use the Fama MacBeth two-pass regression approach. We obtain portfolio beta loadings, β i,N I for each test portfolio i by running a time-series regression of portfolio excess returns on the ni-index. 
In Table V , we document the second stage regression results and compare the pricing power of the ni-index against that of the Fama French 3-factor model and the Fama French 5-factor model. By construction, covariance with the ni-index is tantamount to covariance with innovations to the state variable of consumption growth. Based on the Long Run Risk model, an asset which performs poorly when there is a negative shock to long run consumption growth is perceived to be more risky by the agents so that positive loadings on the ni-index should theoretically command a positive compensation. In the stand-alone NI model, the price of risk of news innovations is positive and significant at the 1 percent level. Loadings on the ni-index command a positive premium which is consistent with the theoretical predictions.
The stand-alone NI model explains 61 percent of the variance in average portfolio returns and has an annualized alpha of about 2 percent. Figure IV plots the actual average portfolio excess returns against the model predicted excess returns. For comparison, we document the second stage regression results for the CAPM, the Fama French 3-factor and the Fama French 5-factor models. The CAPM only explains 30 percent of the variance in portfolio returns. The Fama French 3-factor model and the Fama French 5-factor model do better with adjusted R-squareds of 41 percent and 63 percent respectively. The stand-alone NI model outperforms the CAPM and the 3-factor model by a large margin and performs comparably to the 5-factor model in terms of adjusted R-squared. The 3-factor and 5-factor models both have annualized alphas of around 2 percent similar to the NI model. Figure V and Figure VI plot the actual average portfolio excess returns against the model predicted excess returns for the 3-factor and 5-factor models.
We further test whether the ni-index is robust to inclusion of the Fama French factors as controls. The pricing power of the existing factors may arise in part from movements in the persistent component of consumption growth. If this is the case, then we would expect that the ni-index price of risk to no longer be significant when controlling for the other factors. We are not concerned about the significance of the ni-index in the presence of other factors because in this case we help to explain the source of the existing factors' pricing power. However, we find that the ni-index remains significant in all specifications. Model 5 shows the second stage regression results for the ni-index and the market excess return. The point estimate of the ni-index price of risk is similar to the stand-alone model and is significant at the 1 percent level. Model 6 controls for the Fama French 3-factors. Again the point estimate is similar to that of the stand-alone model and is significant at the 1 percent level. Model 7 controls for the Fama French 5-factors. The point estimate is diminished to about 50 percent of its original level but remains significant at the 1 percent level. It appears as though part of the pricing power of the five factors may come from capturing innovations to the state variable of consumption growth.
[ Table V Table VI shows the annualized pricing errors for the stand-alone NI model and the benchmark models. Panel A shows the mean absolute pricing errors for each model. The annualized pricing error for the NI model is 1.67 percent which is smaller than that of the CAPM (2.14 percent) and that of the Fama French 3-factor model (1.78 percent). 5-factor model has the lowest mean absolute pricing error at 1.43 percent. Panels B and C give the detailed breakdown of annualized pricing errors of the NI model and the Fama French 5-factor model. The absolute pricing errors of the NI model are smaller for 11 out of the 25 Size-BM portfolios, 6 out of the 10 momentum portfolios, 4 of the 10 Industry portfolios, and 1 of the 7 bond portfolios. In total the stand-alone NI model outperforms the 5-factor model for 22 out of the 52 portfolios.
[Table VI: Pricing Error Comparisons Across Models]
The stand-alone NI model outperforms the CAPM and the 3-factor model and performs comparably to the 5-factor model across many dimensions. The price of risk of the ni-index is significant and robust to the inclusion of the Fama French factors. The NI model explains a large amount of the variation in average portfolio excess returns across a set of diverse portfolios. Finally, the pricing errors of the NI model are reasonably small and comparable to those of the Fama French 5-factor model.
Robustness
6.1 Out-of-Sample Consumption Growth Predictability Goyal and Welch (2007) point out that the in-sample adjusted R-squared may be a misleading statistic for evaluating the performance of return predictive regressions. They suggest an alternative test of the predictive power of the explanatory variables. The idea is to compare the out-of-sample explanatory power of the predictive variables against that of the simple historical mean of the dependent variable. We calculate the equivalent statistics for the consumption growth predictability regressions. Table VII shows the in-sample and out-of-sample R-squareds at yearly horizons from 1 to 10 years out. For the univariate predictive regressions, compared to the in-sample adjusted R-squareds, the out-of-sample R-squareds are slightly higher at every horizon. The second part of Table VII shows the predictive regression results for the multivariate regressions including the n-index, real labor income growth, dividend price ratio, and realized industrial production variance. In this specification, the out-of-sample R-squareds are similar to the in-sample adjusted R-squareds. The results from the out-of-sample tests confirm our in-sample findings that consumption growth is strongly predictable by the n-index across the 1 to 8 year horizons.
[ Table VII : Consumption Growth Out-of-Sample Predictability]
Sentiment
It is possible that part of the pricing power of the ni-index comes from innovations to non-fundamentally driven investor sentiment. Baker and Wurgler (2006) construct a composite index using a combination of different data series commonly believed to capture non-fundamental investor sentiment: closed-end fund discount rates; NYSE share turnover; the number and average first-day returns on IPOs; the equity share in new issues; and the dividend premium. They extract the non-fundamental variation in the measure by taking the residual that is not explained by macroeconomic variables. We regress the n-index on the Baker Wurgler Sentiment (bw) measure. The Baker Wurgler sentiment data starts in July 1965 so our regression period goes from July 1965 to December 2013. The monthly regression specification is given below:
If the n-index captures non-fundamental investor sentiment then we would expect to see a significant coefficient on the bw measure in the contemporaneous or the lagged regressions. In addition, the bw measure should explain a sizeable amount of the variation in the n-index. Results are tabulated in Table VIII . The coefficients in the univariate specifications are small and not significantly different from zero. The adjusted R-squareds of each univariate regression are low at −0.002. We also include a multivariate regression of the n-index on the contemporaneous and lagged bw measures. In this specification, none of the coefficients are significant and the adjusted R-squared is negative at −0.005.
[ 
Contemporaneous Innovations
As discussed above, we include the contemporaneous shocks, w, to consumption growth in our regression specification. We construct the contemporaneous shocks, w, by regressing real consumption growth on same period n-index:
We extract the series of contemporaneous shocks, w, as the residual from this regression. Using the full pricing kernel, the first stage regression becomes:
We estimate the price of risk for the long-term and contemporaneous shocks, λ N I and λ w , by running sample average excess returns of each portfolio on the estimated portfolio beta loadings. We allow for an intercept in our specification, α. The regression formula for the second stage estimation is given below:
Results from this specification are shown in Table IX . The time period of this regression is from February 1959 to December 2013 because monthly consumption growth does not extend beyond this date. We also include the baseline specification using data from February 1959 to December 2013 for comparison purposes. The results from the baseline specification (Model 1) are similar to results in the main tests using the full sample. Model 2 in Table IX shows the results from the full specification. The price of risk of the ni-index in Model 2 at 96.95 is similar to the price of risk of the ni-index in Model 1 at 93.16, and is significant at the 1 percent level. The price of risk of the contemporaneous term is not significant even at the 10 percent level, confirming prior literature which has shown that consumption growth does not have significant pricing power.
[ Table IX 
Simulation Results
We provide an additional robustness test of our cross-sectional asset pricing results in the spirit of Lewellen, Nagel, and Shanken (2010) . If the portfolios can be spanned by a few underlying factors then by chance even a random stream of noise may be able to explain a large portion of the variation in the test portfolio returns. To address this concern, we simulate 100,000 streams of white noise and test the cross-sectional asset pricing power of these noise series using the same 52 test portfolios over the same time period. We construct the distribution of adjusted R-squareds of the noise factors. Table X shows the 50th, 75th, 90th, 95th, and 99th percentile adjusted R-squareds from this distribution. The 90th, 95th, and 99th percentiles of the noise factor adjusted R-squared distribution are 0.31, 0.38, and 0.51, respectively. The adjusted R-squared of the ni-index at 0.61 outperforms the 99th percentile of the noise factor distribution. This finding suggests that the pricing power of the ni-index is unlikely to occur by chance.
Conclusion
In this paper, we use news coverage in the Wall Street Journal to capture the persistent component of long run consumption growth. We call this news measure the "n-index" and construct an innovations measure called the "ni-index". We show that the n-index consistently predicts consumption growth in the future across all horizons up to 96 months (8 years) out. We show that the ni-index has significant cross-sectional asset pricing power using the Fama MacBeth regression framework on 52 test portfolios.
The first set of results of our paper show that the n-index negatively predicts future consumption growth and that the predictive power peaks at the 72-month (6-year) horizon with an adjusted R-squared of 25 percent. We show that the predictive regression results are robust to an alternative measure of consumption (electricity usage) and inclusion of a battery of controls: real labor income growth, dividend price ratio, and realized industrial production variance. We run further tests using data from Malloy, Moskowitz, and VissingJorgensen (2009) and show that the n-index predicts stockholder consumption growth more strongly than non-stockholder consumption growth.
The second set of results document the cross-sectional asset pricing power of the ni-index. We show that the ni-index significantly prices 52 standard test portfolios in the cross-section and that loadings on the ni-index are compensated by positive risk premiums. The niindex outperforms the Fama-French 3-factor model and performs comparably with the Fama French 5-factor model in pricing the 52 test portfolios.
The results in this paper are in line with the theoretical implications of the Long Run Risk model. We provide evidence that news coverage around economic growth as captured by our n-index links to the persistent component of consumption growth. Our findings suggest that news coverage and investor concern about economic growth are in part driven by investor perception of long run economic growth prospects. Our paper provides a narrative approach that links investor perception, the state variable of consumption growth, and asset prices. Table II Real Consumption Growth Predictability Table II summarizes the real consumption growth predictability results. The univariate regression specification is:
The first part of the table reports the coefficients, the t-statistics and the adjusted R-squareds across different horizons for the univariate regressions.
The multivariate regression specification is:
The controls include real labor income growth, dividend price ratio, and realized industrial production variance. The second part of the table reports the coefficients, the t-statistics and the adjusted R-squareds across different horizons for the multivariate regressions. -3.38 -3.18 -3.48 -3.56 -3.64 -3.30 -2.95 -2.22 -1.81 -1.53 Adj. Table III Electricity Utilization Growth Predictability Table III summarizes the electricity utilization growth predictability results. The univariate regression specification is:
The controls include real labor income growth, dividend price ratio, and realized industrial production variance. The second part of the table reports the coefficients, the t-statistics and the adjusted R-squareds across different horizons for the multivariate regressions. -4.48 -5.41 -6.98 -6.16 -6.44 -6.26 -6.09 -6.36 -5.47 -4.76 Adj. Table IV Consumption Growth Predictability of Non-stockholders and Stockholders Table IV summarizes the consumption growth predictability results for non-stockholders and stockholders using date series from Malloy, Moskowitz, Vissing-Jorgensen (2009) . The regression specification is:
The left panel reports the coefficients, the t-statistics and the adjusted R-squareds across different horizons for non-stockholder consumption growth series and the right panel reports the coefficients, the t-statistics and the adjusted R-squareds across different horizons for stockholder consumption growth series. Table V shows the estimated premiums from the Fama-MacBeth two-pass as described in Equation (14) and (15).
Non-Stockholder
In the first pass, the excess return of each test portfolios is regressed on factors at the monthly frequency to estimate beta loadings using the entire sample. In the second pass, a cross-sectional regression of the average excess return of the test portfolios is run on the beta loadings estimated in the first pass. The time-series average slope coefficients and t-statistics from the second pass regression are reported in the Table VII Consumption Growth Out-of-Sample Predictability Table VII reports the in-sample (IS) and out-of-sample (OOS) R-squareds of the univariate regressions (n-index) and the multivariate regressions (n-index, real labor income growth, dividend price ratio, and realized industrial production variance) across horizons. The OOS R-squareds are calculated as below. Use information up to time t and estimate Each time the regression takes one additional observation, and produces a series of out-of-sample K-month ahead cumulative consumption growth. Following Goyal and Welch (2008) , the OOS R-squared is defined as:
∆c j+i is the historical mean of K-month ahead cumulative consumption growth up to time j and T is the sample size. We require s 0 to be 120 months (10 years). Table VIII N-Index and Baker Wurgler Sentiment Measure Table VIII reports the results for regressing the n-index on the contemporaneous and lagged Baker Wurgler Sentiment (bw) measure. The Baker Wurgler sentiment data starts in July 1965 so our regression period goes from July 1965 to December 2013. The monthly regression specification is given below:
where N is the n-index. The table shows the coefficient estimates and the t-statistics. The Adjusted R-squared column reports the R-squareds of the regressions. The Period column documents the data span for each of the regression. Obs. Cons. Table IX shows the estimated premiums from the Fama-MacBeth two-pass as described in Equation (20) and (21). In the first pass, the excess return of each test portfolios is regressed on factors at the monthly frequency to estimate beta loadings using the entire sample. In the second pass, a cross-sectional regression of the average excess return of the test portfolios is run on the beta loadings estimated in the first pass. The time-series average slope coefficients and t-statistics from the second pass regression are reported in the table. * , * * , and * * * indicate significance at 10%, 5%, and 1%, respectively. The 52 test portfolios are the 25 Size-BM, 10 Momentum, 10 Industry, 6 Bond sorted by maturity, and TERM. The adjusted R-squared column reports the adjusted R-squareds for the second pass regressions. The last column reports the data span of the different specifications. We simulate 100,000 streams of white noise and test the cross-sectional asset pricing power of these noise series using the 52 test portfolios (25 Size-BM, 10 Momentum, 10 Industry, 6 Bond sorted by maturity, and TERM) over the same time period. We construct the distribution of adjusted R-squareds of the noise factors. Table IX shows the 50th, 75th, 90th, 95th, and 99th percentile adjusted R-squareds from this distribution. Predictive Regression Results -Consumption Growth Figure III shows the regression coefficients, t-statistics, and the adjusted R-squareds for the predictive regressions of future cumulative consumption growth over different horizons on the current n-index. The regression models we test are:
News
∆c t +i = α + β N t + ϵ t +K K ∈ {1, 2, ..., 120}
The standard errors are adjusted using the Newey-West procedure. 
